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Abstract
Microblogging sites are the direct platform for the users to
express their views. It has been observed from previous stud-
ies that people are viable to flaunt their emotions for events
(eg. natural catastrophes, sports, academics etc.), for persons
(actor/actress, sports person, scientist) and for the places they
visit. In this study we focused on a sport event, particularly
the cricket tournament and collected the emotions of the fans
for their favorite players using their tweets. Further, we ac-
quired the stock market performance of the brands which are
either endorsing the players or sponsoring the match in the
tournament. It has been observed that performance of the
player triggers the users to flourish their emotions over so-
cial media therefore, we observed correlation between play-
ers performance and fans’ emotions. Therefore, we found the
direct connection between player’s performance with brand’s
behavior on stock market.
Introduction
The popularity of social media website such as twitter, Face-
book has increased exponentially in recent past. These so-
cial media websites have become a direct platform for the
people to express their feelings, opinions about a particu-
lar topic, event or product. The proper analysis of such
microblog data can help an individual or society in a bet-
ter way. Therefore, the process of identification of senti-
ments has become a paramount in the field of data mining.
It helps in determining whether a piece of text expresses a
positive, negative or neutral sentiment. It can also be termed
as ”Opinion Mining” as the process tells the changes in pub-
lic opinion about an event. Significant events like terrorist
attacks, sports events, natural disasters are widely discussed
topics over social media.
Twitter is one of those microbloging sites and widely used
platform for emotions manifestation & flooding the views to
intended community. This assistance of twitter has turned
as the habit of users. Cricket is like religion for Indians
and so it can not stay away untouched from tweeting trends.
Throughout the past, it is observed that Indians are very
emotionally attached with cricket. This gives us idea to cap-
ture these flowing emotions of Indian cricket lovers. From
the previous studies (Bollen, Mao, and Zeng 2011), it was
observed that emotions drive the trading. Therefore, it mo-
tivates us to study one to one correspondence between the
social emotions and trading behavior.
Cricket fans follow all the liking and disliking of their role
models (Sachin Tendulkar). In this era of high competi-
tion, companies strive to connect with huge population of
the country through their superstars as a bridge. Therefore,
performance of the player who is the brand ambassador of
some company becomes very crucial for advertising their
brand in the market.
In this study, we have categorized the emotions
of fans for their team & for their favourite player
among 8 classes (Joy, Fear,Anger,Anticipation, Trust,
Sadness, Surprise,Disgust). In the present work, we
have extracted pre-match & post-match emotions and ac-
quired the trading data of corresponding date. After that we
have calculated the correlation between variations in emo-
tions and trading data.
Related Work
As per the EM hypothesis(Fama 1995) changes in the stock
market are driven by new information and does not follow
a particular pre-defined pattern. In the past few years stock
market analysis has come up with a active area of research.
Various research has been done previously to extract the
useful pattern in stock market and it was found that stock
market does not follow a random pattern(Qian and Rasheed
2007)(Gallagher and Taylor 2002) and can be analyses to
find the useful patterns(Kavussanos and Dockery 2001).
Recent work in field of social media data mining has
showed that the microblogs like Twitter, Facebook can be
used to extract the patterns of interest for various econom-
ical & commercial changes. Further Google search queries
term also play an important role to extract early indicator of
spreading disease, customer opinions(Gruhl et al. 2005). In
(Mishne, Glance, and others 2006), author shows that how
people emotions on the twitter can be used to predict the box
office collection of a movie.
In addition to news, there are various other factors such as
people emotions and mood which plays an significant role in
stock market analysis(Nofsinger 2005).
There are two approaches for extraction of emotion anal-
ysis from the tweets/text i.e. supervised & unsupervised.
Supervised approach requires a labeled data which is very
cumbersome to obtain for a particular domain and their man-
ual labeling is very costly and impractical. Unsupervised
approach are keyword and lexicon based(Bollen, Mao, and
Zeng 2011). Number of domain independent lexicon are
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Table 1: Match wise Tweets statistics
Date IND vs Opponent No. of Tweets
04/06/2017 INDvsPAK 5,34,726
08/06/2017 INDvsSL 1,20,111
11/06/2017 INDvsSA 2,40,112
15/06/2017 INDvsBAN 1,35,881
18/06/2017 INDvsPAK 5,96,809
Affin, SentiWordNet, General, Inquirer, MPQA. Recently,
Geo-Spatial sentiment has performed in one of the most talk
event i.e ’Brexit’ (Agarwal, Singh, and Toshniwal 2017),in
which author shows the sentiment of users regarding the
vent over the globe. A very few studies have used the fi-
nancial lexicon created by (2011). Recent work shows that
domain independent lexicon are not very effective for sen-
timent analysis in stock market tweets(Oliveira, Cortez, and
Areal 2016).
In 2017, (Samariya et al. 2016) proposed a method for an-
alyzing the sentiment of cricket fans on Twitter. The dataset
consist of tweets crawled for the 8 matches of ICC(Indian
Cricket League). The results of this paper shows how the
fans emotions varies frequently during the match. Further,
the approach was extended by (Yu and Wang 2015), to anal-
yses the sentiment of fans over FIFA world cup 2014 tweets.
In this paper, author has used the big data approach for han-
dling & analyzing the tweets.
Data Set Description
In this paper our main motivation is to analyze the tweets
related to Cricket matches (Champion Trophy-2017). We
have collected tweets by using the twitter streaming API1.
Tweets can be extracted in two ways either by using hash-
tags or by location. In this paper we have used hashtags
(’INDvsPAK’, ’INDvsBAN’, ’CT’, ’CT’17’,’CT-2017’, ’IN-
DvsSA’, ’INDvsSL’, ’SLvsIND’, ’PAKvsIND’, ’BANvsIND’,
’championstrophy’, ’CHAMPIONTROPHY’ ) for crawling
the tweets. The dataset consists of pre-match and post-match
tweets for every match played by India. Total number of
tweets collected were around 2 million. Statistics of match
wise (pre & post) tweets counts are shown in table 1. Table
2 shows the pre & post match tweets corresponding to each
player of Indian cricket team. It clearly shows that some
of the players have very less number of pre & post tweets
which implies either the player did not get chance to bat or
their performance were not up to the mark.
In this work we have used Google trends2 as a reference
for our results. It is a open source web facility that deter-
mines search frequency for a particular term. The search
frequency is determined relative to the total search volume
across different regions of the world. It shows the variation
in the popularity of a search term with respect to time with
help of graphs.
1https://developer.twitter.com/en/docs/tutorials/consuming-
streaming-data
2https://trends.google.com/trends/
Figure 1: Google Trends: Players Popularity
Methodology
Data Acquisition:
As the initial phase of data mining work, data is collected
from three different sources and thereafter correspondence
is established among them.
• Match wise Tweets Crawling: We collected the stream-
ing Tweets by using appropriate hashtags and handles cor-
responding to particular match. A time window is decided
for pre and post match tweets acquisition. As Tweets
frequency increases when time approaches to match start
time and frequency decreases down the line with time af-
ter completion. Therefore, to have the full coverage of
tweets, minimum time window is taken as 4 hours for
pre and post match session. The frequency of tweets
dependent on rivalry of opponents or category of match
(whether it is semifinal or final).
• Brand identification and date specific collection of
trading data: Key sponsors for the team are identified,
along with this each player is tagged with a brand what
he endorses. All the tagged brands are taken in account
and their trading3 performances are acquired during the
commencement of match.
• Player specific popularity extraction: The popularity
of a player can directly be decided with number of queries
fired pertaining that person on Internet. The achievements
of a person on global state lead others to know about the
person and it’s work. Popularity is a volatile property of
an individual which is triggered by gets fade with time.
Bringing the same concept to the context of the players
the popularity of each player is extracted with the help of
Google Trends.
3http://www.bseindia.com/, https://finance.yahoo.com/lookup/
Figure 2: Architecture
Data preprocessing:
Data accumulated from previous step are in raw form and
are required to pass through filtering process so that it could
attain the form suitable for model development and process-
ing. Few steps are performed for preprocessing which are
listed below.
• Data Cleaning: Raw Tweets collected from the previous
step contains meta data, extraneous and noisy texts which
are removed in successive steps.
Meta Data in Twitter datasets are Twit-
terID :875218028102680000, Date and Time
:Thu Jun 15 05 : 07 : 00 + 0000 2017, loca-
tion: Surat, Gujrat, india, which are removed as
a first step of preprocessing. Extraneous texts are
@, CT, Opponent1 vs Opponent2, ODI, BCCI,
CountryName etc. Acronyms found in
the tweets are replaced by their original eg.
ICYMI : In case you missed it, exclama-
tory words like Hooe, woooow, wowww are re-
moved. Noisy texts found specific to our work were
URLs, keyword tagging, links to other site etc..
• Stop words removal: All the tweets under considera-
tion were specifically in english language. Therefore,
stopwords corresponding to english language are removed
from the sentences.
Proposed Approach:
In this section we have proposed an approach for emotion
extraction from tweets and their impact on stock exchange.
• Tweets Clustering: All the Tweets corresponding to
each match under minimum pre match time window,
post match time window framework are considered sep-
arately. Tweets corresponding to each match are segre-
gated among 15 clusters, where each cluster represents
a player. Player’s name as hashtags, their handles eg.
imvkohli, imvkohli, virat are taken as cluster’s prop-
erty(keywords) for Indian Skipper Virat Kohli. These
keywords are used for clubbing the new Tweets in the
cluster.
• Emotion Extractions and Knowledge Discovery
(EEKD): We have used NRC Emotion Lexicon (Mo-
hammad and Bravo-Marquez 2017b) (Mohammad and
Bravo-Marquez 2017a) for extracting emotions from
Twitter data. NRC Emotion Lexicon consists of words
and their association with 8 emotional classes (anger,
fear, anticipation, trust, surprise, sadness, joy, and
disgust) and two sentiments (negative and positive). All
the player wise clustered tweets are segregated between
pre match and post match tweets. All the tweets are
tokenized to produces a bag-of-words. Each of the words
are plugged-in for emotion and sentiment classification
and so pre match and post match emotional score is
attained for each player.
Algorithm 1 EEKD(Tweets, Lexicon, Brands, S data):
1: Ctweets = Pre Process(Tweets)
2: for Tweet in Ctweets do
3: words = word tokenize(Tweet)
4: for word in words do
5: ~Score[word] =
Emotion Extractor(word, Lexicon)
6: end for
7: end for
8: for Brand in Brands do
9: S[Brand] = Correlation(S data[brand], [ ~Score])
10: end for
11: return [ ~S]
Algorithm [1] explains the successive steps to be per-
formed for knowledge discovery. Algorithm takes Tweets
corresponding to particular player, Emotion Lexicon as
Lexicon, list of Brands endorsed by the player as Brands,
and trading performance of the brand on stock market as
S data. In line-1 preprocessed tweets are received as
Ctweets which are further processed for tokenized and
plugged-in to Emotion Extractor along with emotion
Lexicon.
r(X,Y ) =
N
∑
XY − (∑X∑Y )√
[N
∑
x2 − (∑x)2][N∑ y2 − (∑ y)2]
(1)
This function finds the availability of category wise emo-
tion index in each of the words and keeps increasing the
score as new words are encountered. ~Score is the vector of
10 in which each index represents particular emotion or sen-
timent. Score Vector ~Score is calculated for all the words in
tweet dataset. In line 8,9 correlation is calculated between
each brand endorsed and emotion score ~Score using equa-
tion 1. Correlation score represented by ~S is the extracted
knowledge as an output of the given algorithm.
Table 2: Count of tweets for players throughout the tournament
Name Tweets INDvsPak INDvsSA INDvsBAN INDvsPAK INDvsSL
Virat Kohli(VK) PrePost
8004
32830
2537
10742
1619
12001
5550
12033
2902
11753
Rohit Sharma(RS) PrePost
1842
24790
439
1662
1386
7186
766
3451
1157
9285
Shikhar Dhawan(SD) PrePost
1203
10080
1331
9624
1451
3654
1618
3770
3027
2453
Yuvraj Singh(YS) PrePost
1145
10816
670
1234
509
1106
240
880
267
126
Kedar Jadhav(KJ) PrePost
580
981
426
1088
476
1909
245
4338
864
479
MS Dhoni(MSD) PrePost
6453
9100
1565
5001
1541
1602
2135
6245
7270
2412
Hardik Pandya(HP) PrePost
755
3788
431
1028
331
820
1276
14303
1235
269
Ravindra Jadeja(RJ) PrePost
708
9106
322
503
230
1217
238
7908
1185
352
Bhuvneshwar Kumar(BK) PrePost
566
1453
350
810
414
1318
382
2365
1163
248
Ravichandran Ashwin(RA) PrePost
405
415
1020
1393
237
1261
271
3336
268
944
Jasprit Bumrah(JB) PrePost
707
563
1316
1777
540
1250
270
5380
623
221
Results and Discussion
The proposed architecture extracts emotions and sentiments
from a cricket loving country and shows how do emotions
affect stock market’s performance of various commercial
brands whose brand ambassadors actively participate in the
game. The study reveals that performance of the brand am-
bassador has direct impact on the brand’s price on stock ex-
change.
Tables [3,4] show the relative strength of various emo-
tions of Indian cricket fans when their team ‘India’ plays
with different countries. All 5 cricket matches of an
ICC event (ICC Champions Trophy) played by their team
against ‘Pakistan’(league match),‘Srilanka’(league match),
‘SouthAfrica’(league match), ‘Bangladesh ’(Semifinal) and
final again with ‘Pakistan’ are taken under consideration
for analysis. The results show how the fans’ emotions
change as the game commences. Because of uneven count-
ing of emotions for each player in particular emotional cat-
egory, in this work all the emotions are scaled down be-
tween 0 to 1 with respect to total number of emotions,
corresponding to each player. Figure 1 shows the vari-
ance of particular emotion with matches and popularity
of the players can be seen through Google trend over the
globe . The rows in the table 3 represent the values of
pre and post match emotions respectively. The key play-
ers like V irat Kohli, Rohit Sharma, Shikhar Dhawan
captured the largest part of Tweets and so the emotions.
Y uvraj Singh, an experienced player who was striving to
comeback through this series in the playing eleven after a
long time has huge burden of expectations . As he could
not performed up to the mark of fans therefore sadness
emotions gets increased in every match played by him.
Hardik Pandiya performed as a dark horse in the final.
So he could reinforce all the positive emotions Trust, joy
among his fans and could succeed to suppress negative emo-
tions like Fear, Anger, Disguest.
Few emotions are found very consistent throughout the
matches and are noticed as facing the direct impact of
whether team has won or lost. We observed that changes
in emotions between pre and post match sessions were pos-
itive when that individual player performed well and nega-
tive otherwise. Along with these emotions we have collected
sentiments through pre match session tweets and post match
session tweets with binary values as positive or negative. It
is observed that even if player could not perform well but if
team wins, sentiments are noted as positive. This shows that
sentiments are more consistent with the Team than with the
player.
Trading price of commercial brands are found to have
transitive relationship with their brand ambassador’s perfor-
mance in the match as shown in table [6, 5, 7]. Good per-
formance spreads happiness among fans that gives jump in
trading price and bad performance discourages the fans and
their commercial activities so their average mood leads to
fall in stock prices.
First column in table [3, 4] are the names of crick-
eters andsecond column denotes sequence of the match
along with players performance, all-rounder’s performance
are shown as bat score/bowl score respectively. Name
acronyms in table [3, 4] can be referred from table 2.
(a) Batsmen (b) Bowlers
Figure 3: Variation of trust in a tournament
Conclusion
The high popularity of cricket in Asia with respect to all
other part of the world stimulated us to know the emotions
of cricket lovers. The presence od strong emotions of cricket
fans for their favorite player/ team over Tweets motivated us
to extract the emotions/ sentiments and to witness its impact
in financial domain.
In this work we have collected tweets corresponding to
ICC-CT2017(Champions Trophy) held in England in month
of June. We have collected all the tweets pertaining In-
dian team through out the tournament. For all the matches
we have extracted emotions/sentiments before and after the
match. We have established one to one correspondence
between players’ performance and fan’s emotions fro that
player and this study uses total 8 category of emotions and 2
sentiments for this purpose. This work picks few key players
of the team on performance basis and finds their commercial
endorsements. Next, we analyzed the impact of their perfor-
mance on the emotions of the twitter followers as well as
on the stock prices of the brands which they are endorsing.
As a reference we have used Google Trends to verify the
influence of players performance all over the globe
In our observations we have noticed high correlation of
player’s performance with corresponding emotions/ senti-
ments as well as on stock prices of the brand they endorsed.
References
[Agarwal, Singh, and Toshniwal 2017] Agarwal, A.; Singh,
R.; and Toshniwal, D. 2017. Geospatial sentiment analysis
using twitter data for uk-eu referendum. Journal of Infor-
mation and Optimization Sciences 15(1):1–15.
[Bollen, Mao, and Zeng 2011] Bollen, J.; Mao, H.; and
Zeng, X. 2011. Twitter mood predicts the stock market.
Journal of computational science 2(1):1–8.
[Fama 1995] Fama, E. F. 1995. Random walks in stock mar-
ket prices. Financial analysts journal 51(1):75–80.
[Gallagher and Taylor 2002] Gallagher, L. A., and Taylor,
M. P. 2002. Permanent and temporary components of stock
prices: Evidence from assessing macroeconomic shocks.
Southern Economic Journal 345–362.
[Gruhl et al. 2005] Gruhl, D.; Guha, R.; Kumar, R.; Novak,
J.; and Tomkins, A. 2005. The predictive power of online
chatter. In Proceedings of the eleventh ACM SIGKDD inter-
national conference on Knowledge discovery in data mining,
78–87. ACM.
[Kavussanos and Dockery 2001] Kavussanos, M. G., and
Dockery, E. 2001. A multivariate test for stock market
efficiency: the case of ase. Applied Financial Economics
11(5):573–579.
[Mishne, Glance, and others 2006] Mishne, G.; Glance,
N. S.; et al. 2006. Predicting movie sales from blogger
sentiment. In AAAI Spring Symposium: Computational
Approaches to Analyzing Weblogs, 155–158.
[Mohammad and Bravo-Marquez 2017a] Mohammad,
S. M., and Bravo-Marquez, F. 2017a. Emotion intensities
in tweets. In Proceedings of the sixth joint conference on
lexical and computational semantics (*Sem).
[Mohammad and Bravo-Marquez 2017b] Mohammad,
S. M., and Bravo-Marquez, F. 2017b. WASSA-2017 shared
task on emotion intensity. In Proceedings of the Workshop
on Computational Approaches to Subjectivity, Sentiment
and Social Media Analysis (WASSA).
[Nofsinger 2005] Nofsinger, J. R. 2005. Social mood and
financial economics. The Journal of Behavioral Finance
6(3):144–160.
[Oliveira, Cortez, and Areal 2016] Oliveira, N.; Cortez, P.;
and Areal, N. 2016. Stock market sentiment lexicon ac-
quisition using microblogging data and statistical measures.
Decision Support Systems 85:62–73.
[Qian and Rasheed 2007] Qian, B., and Rasheed, K. 2007.
Stock market prediction with multiple classifiers. Applied
Intelligence 26(1):25–33.
[Samariya et al. 2016] Samariya, D.; Matariya, A.; Raval,
D.; Babu, L. D.; Raj, E. D.; and Vekariya, B. 2016. A hy-
brid approach for big data analysis of cricket fan sentiments
Table 3: Emotion Analysis of Followers for Batsmen with Team performance as: WLWWL
Name Match No.: Score Emo Trust Sadness Joy Fear Anger Antici--pation Disgust Surprise
VK
M1:81:Win PrePost
0.1880
0.2486
0.0703
0.0680
0.1516
0.2074
0.1086
0.0783
0.0842
0.0855
0.2267
0.1836
0.0339
0.0387
0.1363
0.0894
M2:0:Lose PrePost
0.2277
0.1925
0.0969
0.1254
0.1450
0.0987
0.0996
0.9125
0.0934
0.1296
0.1556
0.1969
0.0649
0.0864
0.1156
0.1109
M3:76:Win PrePost
0.2070
0.2385
0.0765
0.0725
0.1304
0.1586
0.0997
0.1022
0.0978
0.0254
0.1894
0.1574
0.0420
0.0214
0.1421
0.1254
M4:96:Win PrePost
0.2104
0.2425
0.0625
0.0425
0.1608
0.1791
0.1047
0.0124
0.0891
0.0768
0.1976
0.1976
0.0450
0.0124
0.1295
0.0125
M5:5:Lose PrePost
0.2153
0.2040
0.0709
0.1239
0.1461
0.1316
0.0929
0.1005
0.0802
0.1935
0.2001
0.1543
0.0574
0.1064
0.1368
0.9901
RS
M1:91:Win
Pre
Post
0.1607
0.2146
0.0634
0.0707
0.1375
0.1839
0.1121
0.0683
0.1068
0.0589
0.2265
0.2452
0.0376
0.0424
0.1550
0.1155
M2:78:Lose PrePost
0.2403
0.2051
0.0414
0.0654
0.1685
0.1980
0.0690
0.0822
0.0469
0.0841
0.2569
0.2231
0.0414
0.0374
0.1353
0.1215
M3:12:Win PrePost
0.1182
0.1718
0.1167
0.0781
0.0914
0.1093
0.1454
0.1154
0.1482
0.125
0.1719
0.1875
0.0567
0.0312
0.1514
0.1718
M4:123:Win PrePost
0.1735
0.2066
0.0512
0.0665
0.1842
0.1976
0.1041
0.0523
0.0768
0.0688
0.2338
0.2135
0.0272
0.0124
0.1487
0.1214
M5:0:Lose PrePost
0.2093
0.2
0.0406
0.15
0.1569
0.1083
0.0930
0.1333
0.0581
0.1166
0.25
0.1583
0.0406
0.0616
0.1511
0.0916
SD
M1:68:Win PrePost
0.2132
0.2211
0.0648
0.0703
0.1407
0.1909
0.0968
0.0804
0.0850
0.0502
0.2348
0.2160
0.0362
0.0452
0.1282
0.1256
M2:125:Lose PrePost
0.2101
0.2301
0.0626
0.0734
0.1737
0.1525
0.0848
0.0714
0.0585
0.0615
0.2161
0.2380
0.0464
0.0376
0.1474
0.1170
M3:78:Win PrePost
0.2072
0.2224
0.0441
0.0688
0.2006
0.1732
0.0826
0.0458
0.0705
0.0245
0.2271
0.1968
0.0410
0.1421
0.1565
0.1245
M4:46:Win PrePost
0.1696
0.2781
0.0626
0.0476
0.1493
0.1678
0.1199
0.0751
0.0688
0.0601
0.2314
0.2355
0.0356
0.0300
0.1323
0.1152
M5:21:Lose PrePost
0.2363
0.1917
0.0363
0.0420
0.1727
0.1344
0.1
0.0420
0.0545
0.1250
0.2363
0.2184
0.0090
0.0252
0.1545
0.1176
YS
M1:53:Win PrePost
0.2346
0.2280
0.0612
0.0754
0.1326
0.1795
0.1428
0.0861
0.1122
0.0664
0.1530
0.1938
0.0306
0.0628
0.1326
0.1077
M2:7:Lose PrePost
0.2212
0.1559
0.0796
0.1192
0.1504
0.1100
0.1106
0.1009
0.0619
0.1192
0.1592
0.1559
0.0707
0.1284
0.1460
0.1100
M3:23:Win PrePost
0.2763
0.2987
0.0263
0.0124
0.1710
0.1984
0.0526
0.0214
0.0657
0.0345
0.2368
0.1469
0.0394
0.0900
0.1315
0.1516
M4:NA:Win PrePost
0.2010
0.1666
0.0323
0.1111
0.2385
0.2153
0.0698
0.0573
0.0528
0.0474
0.2385
0.1825
0.0204
0.0873
0.1465
0.1130
M5:22:Lose PrePost
0.1839
0.1525
0.0919
0.0420
0.1379
0.0420
0.1264
0.4042
0.0574
0.1524
0.1839
0.2184
0.0574
0.0652
0.1609
0.1176
MSD
M1:DNB:Win PrePost
0.1978
0.2700
0.0865
0.0802
0.1437
0.1386
0.1112
0.0839
0.1081
0.0912
0.1993
0.1717
0.0556
0.0583
0.0973
0.1058
M2:63:Lose PrePost
0.2411
0.2286
0.0741
0.1039
0.1430
0.1208
0.1012
0.1568
0.1002
0.2450
0.1544
0.1662
0.0542
0.0945
0.1315
0.1270
M3:DNB :Win PrePost
0.2029
0.2577
0.0607
0.0345
0.1674
0.2641
0.1077
0.0776
0.0905
0.0621
0.1938
0.1894
0.0596
0.0312
0.11691
0.1245
M4:DNB :Win PrePost
0.1834
0.260
0.1100
0.0888
0.1223
0.1451
0.1131
0.0555
0.1284
0.0555
0.1743
0.1944
0.0489
0.0233
0.1192
0.1361
M5:4:Lose PrePost
0.2
0.2152
0.0666
0.1345
0.2057
0.1300
0.0895
0.0896
0.0685
0.0962
0.1885
0.1838
0.0590
0.0538
0.1219
0.1165
Table 4: Emotion Analysis of Followers for Bowlers with Team performance as: WLWWL
Name Emo Trust Sadness Joy Fear Anger Antici--pation Disgust Surprise
HP
M1:20/2 PrePost
0.3140
0.2547
0.1074
0.0569
0.0826
0.1571
0.1404
0.1029
0.0743
0.0894
0.1487
0.1869
0.0247
0.0542
0.1074
0.0975
M2:9/0 PrePost
0.2142
0.2014
0.0892
0.1006
0.1357
0.1245
0.0964
0.0857
0.0821
0.1024
0.1928
0.2013
0.05
0.0420
0.1392
0.1409
M3:DNB/1 PrePost
0.2071
0.2141
0.0935
0.1063
0.1291
0.1489
0.0957
0.0851
0.0691
0.0412
0.2026
0.2340
0.0668
0.0421
0.1358
0.1254
M4:DNB/0 PrePost
0.1466
0.25
0.1019
0.0694
0.1001
0.1527
0.1305
0.0555
0.1484
0.0555
0.1753
0.2361
0.0787
0.0416
0.1180
0.1388
M5:76/1 PrePost
0.1957
0.2069
0.0703
0.1124
0.1529
0.1945
0.0978
0.0645
0.0642
0.0534
0.1865
0.1642
0.0703
0.0652
0.1620
0.1034
RJ
M1:DNB/2 PrePost
0.28
0.2443
0.12
0.0859
0.0666
0.1357
0.133
0.0904
0.12
0.1447
0.1733
0.1674
0.0266
0.0271
0.08
0.1040
M2:DNB/0 PrePost
0.2194
0.2145
0.0935
0.1024
0.1043
0.0125
0.1402
0.125
0.1151
0.1818
0.1546
0.1425
0.0467
0.0454
0.1258
0.1022
M3:DNB/1 PrePost
0.2551
0.2341
0.0827
0.0245
0.1379
0.124
0.1310
0.1071
0.1034
0.1071
0.1448
0.1785
0.0482
0.0357
0.0965
0.0714
M4:NA PrePost
0.1747
0.2571
0.1097
0.1142
0.0894
0.0571
0.1382
0.0857
0.1463
0.1142
0.1747
0.2285
0.0406
0.0214
0.1260
0.0571
M5:15/0 PrePost
0.1511
0.1125
0.0475
0.2345
0.1555
0.0214
0.0669
0.1241
0.0734
0.2345
0.1598
0.1567
0.0496
0.1421
0.2958
0.3452
BK
M1:1 PrePost
0.1864
0.266
0.3338
0.1066
0.1864
0.16
0.1016
0.0666
0.0847
0.08
0.2033
0.1733
0.0338
0.0266
0.1694
0.12
M2:1 PrePost
0.2030
0.1452
0.0977
0.1245
0.1654
0.1452
0.0977
0.2145
0.1428
0.124
0.1654
0.1818
0.0300
0.0941
0.0977
0.2145
M3:2 PrePost
0.1157
0.2105
0.0736
0.0789
0.0736
0.1578
0.1368
0.0789
0.0947
0.0645
0.1789
0.2105
0.0526
0.0
0.2736
0.1578
M4:2 PrePost
0.1597
0.2954
0.1340
0.1136
0.1134
0.1590
0.1288
0.0681
0.0989
0.1363
0.2319
0.1590
0.0412
0.0227
0.0927
0.0454
M5:1 PrePost
0.2222
0.1458
0.0370
0.0416
0.1388
0.1666
0.0740
0.1041
0.0462
0.1041
0.3425
0.2083
0.0277
0.0208
0.1111
0.2083
RA
M1:NA PrePost - - - - - - - -
M2:NA PrePost
0.2142
0.1245
0.2268
0.2345
0.0588
0.0147
0.1890
0.2145
0.0546
0.2415
0.1218
0.1818
0.0378
0.0912
0.0966
0.1345
M3:1 PrePost
0.1989
0.4117
0.0704
0.0564
0.1302
0.2541
0.1672
0.1372
0.0651
0.0196
0.2024
0.1176
0.0334
0.0291
0.1320
0.0784
M4:0 PrePost
0.1620
0.3076
0.0790
0.0512
0.0988
0.1025
0.1343
0.0512
0.1185
0.0512
0.1541
0.2564
0.0632
0.0512
0.1897
0.1282
M5:0 PrePost
0.1573
0.1521
0.1273
0.2826
0.1030
0.0434
0.1587
0.1304
0.1244
0.1086
0.1630
0.1779
0.0758
0.0652
0.0901
0.0434
JB
M1:0 PrePost
0.1980
0.2592
0.0891
0.1111
0.0990
0.1111
0.1782
0.0740
0.1287
0.0747
0.1683
0.222
0.0495
0.0740
0.0891
0.0740
M2:0 PrePost
0.1275
0.0981
0.0973
0.1245
0.1208
0.0214
0.1342
0.1984
0.1308
0.1452
0.1711
0.1345
0.0671
0.0974
0.1510
0.1457
M3:2 PrePost
0.1798
0.2587
0.0863
0.0419
0.0935
0.1678
0.1366
0.0909
0.1079
0.0559
0.2230
0.2027
0.0503
0.0419
0.1223
0.1398
M4:2 PrePost
0.1310
0.1510
0.1218
0.0124
0.1218
0.1954
0.1153
0.1066
0.1258
0.0933
0.0.1638
0.16
0.0891
0.08
0.1310
0.1066
M5:0 PrePost
0.15790
0.1772
0.0972
0.1772
0.1215
0.1392
0.1032
0.0886
0.1239
0.0506
0.2041
0.1645
0.0765
0.0886
0.1154
0.1139
Table 5: Virat Kohli: Trust and Business
Match-1 Match-2 Match-3 Match-4 Match-5
Trust Pre 0.1880 0.2277 0.2070 0.2104 0.2153Post .2486 0.1925 0.2385 0.2425 0.2040
MRF Pre 67716 68986 72901.20313 71102.10156 71978.10156Post 68820.5 72901.20313 73331.60156 71978.10156 71760.20313
Pepsico Pre 117.669998 117.050003 115.940002 117.370003 116.860001Post 117.699997 115.940002 116.230003 116.860001 117.290001
PNB Pre 153.050003 152.350006 152.149994 152 147.649994Post 149.5 152.149994 148.399994 147.649994 147.25
Audi Pre 675.5 685.099976 682 705 711.349976Post 680 682 707 711.349976 714.599976
Table 6: Rohit Sharma: Trust and Business
Match-1 Match-2 Match-3 Match-4 Match-5
Trust Pre 0.1607 0.2403 0.1182 0.1735 0.2093
Post 0.2146 0.2051 0.1718 0.2066 0.2
CEAT Pre 1860.404297 1883.064209 1896.23291 1846.987305 1849.869507Post 1880.828125 1896.23291 1891.114624 1849.869507 1842.564453
Maggie Pre 6714.200195 6669.799805 6667.5 6684.350098 6759.75Post 6677.200195 6667.5 6660.149902 6759.75 6738.350098
Table 7: Dhawan: Trust and Business
Match-1 Match-2 Match-3 Match-4 Match-5
Trust Pre 0.2132 0.2101 0.2072 0.1696 0.2363Post 0.2211 0.2301 0.2224 0.2781 0.1917
Canara Pre 360.049988 362.700012 ,360.450012 355.350006 352.049988Post 362.649994 360.450012 346 352.049988 355.450012
Big Bazaar Pre 329.899994 382.600006 393.350006 388.549988 373.700012Post 346.399994 393.350006 394.649994 373.700012 393.149994
Table 8: Sentiments Analysis with performance of Team
Name Sent-iment
M1: India Won
Pre Post
M2: India Lost
Pre Post
M3: India Won
Pre Post
M4: India Won
Pre Post
M5: India Lost
Pre Post
VK (+ve)(-ve)
0.621
0.378
0.724
0.275
0.645
0.354
0.659
0.340
0.693
0.306
0.781
0.218
0.604
0.395
0.625
0.375
0.468
0.531
0.529
0.476
RS (+ve)(-ve)
0.581
0.418
0.715
0.284
0.763
0.236
0.676
0.323
0.523
0.476
0.588
0.411
0.700
0.299
0.663
0.336
0.704
0.295
0.545
0.457
SD (+ve)(-ve)
0.685
0.314
0.747
0.252
0.702
0.297
0.676
0.326
0.654
0.345
0.694
0.305
0.654
0.345
0.720
0.280
0.680
0.320
0.783
0.216
MS (+ve)(-ve)
0.602
0.397
0.718
0.289
0.685
0.314
0.661
0.338
0.699
0.300
0.735
0.264
0.575
0.423
0.769
0.230
0.720
0.279
0.676
0.324
YS (+ve)(-ve)
0.622
0.377
0.656
0.343
0.670
0.329
0.692
0.423
0.717
0.282
0.670
0.329
0.741
0.285
0.676
0.323
0.586
0.413
0.580
0.419
HP (+ve)(-ve)
0.613
0.386
0.688
0.311
0.642
0.357
0.746
0.253
0.670
0.327
0.724
0.275
0.544
0.455
0.864
0.135
0.682
0.322
0.667
0.332
RJ (+ve)(-ve)
0.604
0.395
0.570
0.429
0.534
0.465
0.655
0.344
0.676
0.323
0.384
0.615
0.578
0.421
0.75
0.25
0.672
0.327
0.515
508
BK (+ve)(-ve)
0.757
0.222
0.674
0.325
0.633
0.366
0.480
0.520
0.477
0.522
0.36
0.64
0.607
0.392
0.526
0.473
0.803
0.196
0.772
0.227
RA (+ve)(-ve) NA NA
0.489
0.510
0.636
0.367
0.693
0.306
0.781
0.218
0.604
0.395
0.625
0.375
0.468
0.531
0.529
0.470
JB (+ve)(-ve)
0.613
0.386
0.818
0.181
0.702
0.297
0.676
0.326
0.630
0.369
0.78
0.218
0.614
0.385
0.675
0.325
0.586
0.413
0.566
0.433
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